Interaction between children's developmental degree of music and their musical expression continued to intrigue researchers. Currently, one noteworthy element will be to analyze such interaction from quantitative approach and to detect some predictive methodology to replicate such interaction statistically. In this study, the author extracted developmental characteristics of musical expressions in early childhood from viewpoints of elements of body movement, and applied a classification of machine learning based method on those feature quantities acquired from the participant children. Classification models were applied to the feature quantity for 3-year-old, 4-year-old, and 5-year-old in 2 nursery schools in 2016, 2 kindergartens in 2017 and a certified facility in 2018 utilizing 3D motion capture. In order to highlight developmental degree and to extract feature quantity, a three-way non-repeated ANOVA was applied and a statistically significant difference was observed in the movement data analyzed of the moving average of distance such as pelvis and right hand, the moving average of acceleration such as right hand, and the movement smoothness of right foot. The author classified the developmental degree of children's musical expression by machine learning classifiers using the feature quantities of motion capture data after let classifiers train with categorical variables of developmental degree evaluated by the author with simultaneously recorded video. The author report here that the best classifier is Multilayer Perceptron Neural Network and the second best is Boosted Trees. The sensitivity result showed that the movement of the pelvis was strongly related to the musical development degree.
INTRODUCTION
Young children frequently play songs, pretending while singing in everyday life. Those children voluntarily create musical expressions using the whole body. Musical experience program was devised by the author to encourage musical development by utilizing pretending and dramatization in musical expression. The program was implemented in 3-year-old, 4-year-old, and 5-yearold children in nursery schools and kindergartens and certified facility, and an educational effect was examined through a qualitative and quantitative analysis (Sano in early childhood. The program begins to establish the image of a phenomenon of everyday life as the activity, such as sound awareness and advance to the formation of a rhythmic pattern and replay song with body movement such as dramatization. 3-year-old, 4-year-old, and 5-year-old children in nursery schools and kindergartens participated in the musical expression program.
In the first phase, the activity aims to establish an image by reconstructing a sensory impression in everyday life experience. The aims of activity were to provide rhythm and movement experiences in the second phase. The children participated in the music experience including a role play and reply song to encourage the recognition of musical elements in the third phase, and the children tried to integrate dramatization and music experience based on the activities from the first phase to the third phase in MEB program.
The author also devised the music test constituted of six domains including sixty items and the participant children took the music test before and after practice of MEB program to quantitatively analyze the effectiveness of the program. As a result, a change of recognition of musical elements showed a statistically significant difference (Sano, 2013; Sano, 2014) . An important relationship between the recognition of musical elements and movement in early childhood has been clarified through experimental studies, although the importance of relationship was presented in previous studies (Jacque-Dalcroze, 1921; Thelen, 1979; Custodero, 1999) . The experimental studies showed some results such as infant's recognition of rhythm or melody (Hannon and Johnson, 2005; Phiilips-Silver and Trainor, 2005 ) and infant's reaction to sounds (Zentner and Eerola, 2010) . But, those researches have not intended to capture musical expression in early childhood during the continuous practice of musical expression.
Some of researches using 3D motion capture technology mainly showed a result of movement analysis regarding the specific movement about Japanese traditional dance and sawing in adulthood (Sato et al., 2010) . Concerning researches regarding music and movement, reaction to musical sound (Burger, 2013) , viewing experiments and video analysis on the relationship between performer's actions and expressions were observed (Dahl and Friberg, 2007; Thompson and Luck, 2012) . But the subject of these studies was not a musical expression in early childhood.
The author tried to extract developmental characteristics of musical expression utilizing 3D motion capture technology. Firstly, MTw system, inertial-magnetic motion tracker manufactured by Xsens Technologies B. V. was used to analyze the movement of five children wearing on forehead one by one at the same time in the practical process of musical expressions (Sano, 2016a) . As a result, an importance of the moving average acceleration was found out. The author also analyzed young children's movement to calculate the moving trace and moving distance utilizing the MVN system, 3D human kinematic measurement system empowered by wired connection based motion trackers manufactured by Xsens (Sano, 2016b) . Based on those inspections, more detailed data regarding the movement changes in musical expression of young children were acquired by the wireless connection type MVN system reduced in size and weight. The MVN system of wireless type was easy to put a motion tracker on young child's body. The wireless MVN system can capture the body movement of 17 places including each measurement part such as head, chest, pelvis, left and right shoulders, left and right upper arms, left and right lower arms, left and right hands, left and right upper limbs, and left and right lower legs. Children in the two nursery schools in 2016, children in the two kindergarten in 2017, and children in the certified facility in 2018 participated in MEB program and the movement analysis of musical expression during the practical process (Sano, 2017; Sano, 2018a) . A part of result analysis in 2016 mainly showed some characteristics of elements of body movement in musical expression using a three-way, non-repeated ANOVA by activity phase, age, and facility (Sano, 2017) .
In this study, characteristics of musical expressions were extracted from the quantitative analysis results of the elements of body movement in the musical expression of the participant children in U & K nursery schools in 2016, and F & Y kindergartens in 2017, and N certified facility in 2018. Children from 0-year-old to 6year-old generally attend nursery schools or certified facilities, and children from 3-year-old to 5-year-old attend nursery schools, kindergartens or certified facilities in Japan. The author thought to classify and discriminate the degree of development of musical expression by machine learning based on the feature quantity of body movement in musical expression calculated from the accumulated data. As the method to classify richer musical expression is improved, this study will progress to contribute developmental support for music education in early childhood.
Purpose of this study
This study aims to explore effective statistical treatments of capturing developmental degree of children as well as to validate a method with higher classification accuracy to classify musical development utilizing machine learning based on the feature quantity of body movement as developmental characteristics of musical expression in early childhood. The key challenges will be to find appropriate feature quantity and flexible classifiers. The MVN system as 3D motion capture was used to acquire the quantitative data of 3-year-old, 4-year-old and 5-yearold in the two nursery schools in 2016, in the two kindergartens in 2017 and the certified facility in 2018.
The author tried to classify the developmental degree of musical expression in early childhood using those acquired data.
METHODOLOGY

Practice of MEB program and extraction of MVN measurement items by activity phase
The primary goal of this study is to observe statistical relationship between scores of music test after MEB program practically applied and kinetic feature quantity processed from motion capture data, and apply such findings to machine learning to forecast developmental degree from body movement data of children.
3-year-old, 4-year-old, and 5-year-old children in K & U nursery schools (n=120) in 2016, in F & Y kindergartens (n=194) in 2017, and in N certified facility (n=90) in 2018 participated in the practice of MEB program. During the activity period, one year is separated by about two months, children participated in the first phase's activity on May and June, the second phase's activity on July and August, the third phase's activity from September to November, and the fourth phase's activity on December with January. The characteristic contents by activity phase were extracted from MEB program as MVN measurement items. MVN measurement data for four times in total, once for each activity phase was recorded. Each participant child performed a music play and selfintroduction with the folk song, "What is your name?" in the first phase of MEB program. The children performed song-play with pretend movement of "Shopping at a Bakery" centering on clapping and stepping in the second phase of MEB program. The children created the movement of the lion according to the music "The Grand March of the lion" edited by Tanaka Tsuneo as the excerpt of subject matter of "Introduction and Lion King's March" in "Animal's Carnival" composed by Saint Saens in the third phase of MEB program. In the fourth phase of MEB program, child also created the movement to play a musical instrument while singing a song including a story and they sang a reply song.
Measurement method by MVN system
17 motion trackers were put on the participant child to monitor full body activity such as head, chest, pelvis, left and right shoulders, left and right upper arms, left and right lower arms, left and right hands, left and right upper limbs, and left and right lower legs for every MVN measurement. After calibrating body lengths such as arm-span, leg length, waist position, one-by-one 3-yearold, 4-year-old and 5-year-old child was inspected in two nursery schools in 2016, two kindergartens in 2017, and a certified facility in 2018. Each child's movement in musical expression according to the piano accompaniment was captured as collected data at a frame rate of 60 Hz. MVN system is a light weight and compact device which provides less constrained environment for even small sized children. Each child needed 5-10 minutes including the measurement time of 30 seconds.
Only the young child who was authorized by the responsible person of the facility and the parents of the children participated in the MVN measurement. Since measuring a large number of children takes a long time, the measurement date of each activity phase was set for two days each, and the second day was set as a preparation day. Characteristic elements of movement in musical expression in early childhood were extracted to calculate the moving trace, the moving distance, the moving average of velocity, the moving average of acceleration, and the movement smoothness of each body part of measurement from the collected data and were quantitatively analyzed by ages and activity phase of MEB program. The movement smoothness was calculated by the ratio of moving average velocity and moving average acceleration with reference to Burger's study (2013) . The number of measurable persons is 31 in nursery schools (11 in 3 years old, 9 in 4 years old, 11 in 5 years old), 55 in K nursery school (18 in 3-year-old, 17 in 4-year-old, 20 in 5-year-old), 49 in F kindergarten (18 in 3 years old, 14 in 4 years old, 17 in 5 years old), 45 in Y kindergarten (16 children in 3-year-old, 14 in 4-yearold, 15 in 5-year-old), 47 in N certified children's facility (15 children in 3-year-old, 12 children in 4-year-old, 20 children in 5-year-old). K nursery school, Y kindergarten and N certified facility take a childcare form following the Montessori method. U nursery school and F kindergarten take a play centered childcare form. Table 1 shows the dates of MVN measurement in the five facilities conducted by the participant children for each activity phase.
Method of quantitative analysis of acquired MVN data
The author analyzed the measured values of MVN from the viewpoints of the first phase to the fourth phase of MEB program activity phase, the five facilities such as nursery schools, kindergartens, and a certified facility, the age of the participant children (3-year-old child, 4-yearold and 5-year-old child). The analysis method is a threeway ANOVA (non-repeated four standards as MEB phase, non-repeated five standards as facilities and nonrepeated three standards as ages) applied to find statistically significant difference between relevant measures.
Classification training and discrimination by machine learning
From the recording data of moving images, the author divided the musical development of each child into three 
RESULTS
Firstly, the characteristic data will be described by showing a part of the result analysis that combines acquired data in 2016, 2017 and 2018. Secondly, the author describes the machine learning process and the result discussion on the extracted feature quantity.
Characteristic results regarding a three-way nonrepeated analysis
A three-way non-repeated ANOVA was implemented to the MVN measurement data (activity phase factor (4 levels), nursery school, kindergarten and certified facility factor (5 levels), age factor (3 levels)). As a result, characteristic results were observed in the moving distance and the moving average acceleration regarding pelvis and right hand movement. Firstly, an analysis result regarding the moving distance of pelvis is showed.
(1) Change of the moving distance of pelvis
The result of a three-way non-repeated ANOVA is shown by change of activity phase of MEB program with ages of participant children. p<.005) . As a result of multiple comparison, 3-year-old, 4year-old and 5-year-old during the third phase in K nursery school, F kindergarten and N certified facility showed a significant difference.
Concerning the facility factor/ phase factor * facility factor * age factor, the simple main effect was statistically significant in the third phase (3-year-old: (F(4, 775)=30.04, p<.005, 4-year-old: (F(4, 775)=47.69, p<.005), 5-year-old: (F(4, 775)=52.901, p<.005). As a result of multiple comparison, 3-year-old and 4-year-old in K nursery school and 5-year-old in N certified facility showed a significant difference.
Concerning the age factor/ phase factor * facility factor * age factor, the simple main effect was statistically significant in the third phase (K nursery school: (F(2, 775)=32.451, p<.005), F kindergarten: (F(2, 775)=9.724, p<.005), N certified facility: (F(2, 775)=48.002, p<.005). As a result of multiple comparison, during the third phase, a significant difference was observed in 3-year-old and 4-year-old in K nursery school, 3-year-old and 5-year-old in F kindergarten, and 5-year-old in Y kindergarten with N certified facility. Figure  1 shows change of moving distance regarding the pelvis of 5-year-old by phase of MEB program.
As shown in Figure 1 , the moving distance of pelvis significantly increased in the third phase of the five facilities. The purpose of activity in the third phase was mainly to encourage of the recognition of musical elements. Concerning the phase factor/ phase * facility * age, the simple main effect showed a significant difference in K nursery school ( 775)=22.705, p<.005), 5-year-old: (F(3, 775)=45.913, p<.005)). The test regarding simple main effect with multiple comparison was carried out by Bonferroni method. As a result of multiple comparison, 3-year-old, 4year-old and 5-year-old in K nursery school showed a significant difference in the third phase of MEB program.
Concerning the facility factor/ phase * facility * age, the simple main effect showed a significant difference in the first phase (4-year-old: (F(4, 775)=4.672, p<.005), 5-yearold: (F(4, 775)=21.443, p<.005)), the second phase (5year-old: (F(4, 775)=13.218, p<.005), and the third phase (3-year-old: (F(4, 775)=16.446, p<.005), 4-year-old: (F(4, 775)=28.353, p<.005), 5-year-old: (F(4, 775)=40.331, p<.005)). As a result of multiple comparison, a significant difference was observed in 4-year-old and 5-year-old in N certified facility during the first phase, 5-year-old in N certified facility during the second phase, and 3-year-old, 4-year-old and 5-year-old in N certified facility during the third phase.
Concerning the age factor/ phase * facility * age, the simple main effect showed a significant difference (the first phase in N certified facility: (F(2, 775)=16.131, p<.005), the second phase in N certified facility: (F(2, 775)=10.176, p<.005), the third phase in N certified facility: (F(2, 775)=8.05, p<.005)). As a result of multiple comparison, a significant difference was observed in 5year-old in N certified facility from the first phase to the third phase. 3-year-old in U nursery school showed a significant difference in the fourth phase of MEB program. Figure 2 shows change of moving average of acceleration regarding the right hand of 5-year-old by phase of MEB program. As shown in Figure 2 , the moving average of acceleration tended to increase to the third phase, specifically N certified facility showed a large value.
(3) Change of the movement smoothness of right foot
As a result of a three way, non-repeated ANOVA regarding the movement smoothness of right foot, a main effect/ interaction of the test showed a statistically significant difference (phase: (F(3, 775)=4.568, p<.005), facility: (F(4, 775)=81.201, p<.005), phase * facility: (F(12, 775)=7.034, p<.005)). The test regarding simple main effect with multiple comparison was carried out by Bonferroni method.
Concerning the phase factor/ phase * facility * age, the simple main effect showed a significant difference. In K nursery school (3-year-old: (F(3, 775)=4.785, p<.005), 4-year-old: (F(3, 775)=8.228, p<.005), 5-yearold: (F(3, 775)=8.174, p<.005), U nursery school (5-yearold: (F(3, 775)=8.939, p<.005)), and N certified facility (5year-old: (F(3, 775)=4.45, p<.005). As a result of multiple comparison, 3-year-old and 5-year-old in the fourth phase and 4-year-old in the second with the fourth phase showed a statistically significant difference in K nursery school. 4-year-old and 5-year-old in U nursery school during the second phase, and 5-year-old in N certified facility during the third phase also showed a statistically significant difference.
Concerning the facility factor/ phase * facility * age, the simple main effect showed a significant difference in the first phase (3-year-old: (F(4, 775)=7.283, p<.005), 4-yearold: (F(4, 775)=4.255, p<.005)), the second phase (3year-old: (F(4, 775)=9.801, p<.005), 4-year-old: (F(4, 775)=16.136, p<.005), 5-year-old: (F(4, 775)=19.466, p<.005)), and the fourth phase (3-year-old: (F(4, 775)=9.512, p<.005), 4-year-old: (F(4, 775)=12.327, p<.005), 5-year-old: (F(4, 775)=20.01, p<.005). As a result of multiple comparison, a statistically significant difference was observed in 3-year-old in U nursery school and 4-year-old in K nursery school. In the second phase, 3-year-old, 4-year-old and 5-year-old in K & U nursery schools were significantly larger than F & Y kindergartens and N certified facility. The average data in K nursery school was remarkably large in the third and the fourth phase of MEB program.
In this way, based on the results of a three-way, nonrepeated ANOVA on all the MVN measurement data, the author tried to classify the feature quantity by machine learning and discriminate the degree of musical development.
Machine learning method for classifying the developmental degree of musical expressions in early childhood
(1) Implementation of machine learning
Machine learning has been implemented in behavior recognition and a method of personal recognition in everyday life as learning support in recent studies (Kodama et al., 2015; Takada et al., 2012) . Machine learning method is also used for motion learning support (Matsumoto et al., 2014) such as forward upward circling by elementary school students. Regarding musical expressions, the data classification of instrument performance (Young, 2008) and classification in which decision trees were used in analysis of breathing during music performance by machine learning methods (Igarashi et al., 2001) , learning of music performance studies (Widmer, 2001) are observed. Any research report has not been seen about machine learning related to musical expressions in early childhood yet. The author examined the possibility and practicality of the method as follows.
Early childhood educators usually judge musical development depended on body movement in musical expression of young children and harmoniously provide music experiences including musical elements such as strength of sound, duration, pitch and rhythm to young children. Early childhood educators with long educational experiences tend to share similarities to judgments of musical expressions of young children, even in intuitive judgment. Evaluation of musical development degree has no clear scoring rule (ballet posing etc.), but experienced educators generally agree on the evaluation results. In this study, each 3 educators at K & U nursery schools and 1 educators at F & Y kindergartens and 2 educators in N certified facility were involved in the judgement of children's musical expression with naked eyes at the time of MVN measurement. Those educators in five facilities tended to make a similar classification of musical expression of participant children each other.
If it is possible to discriminate the developmental degree of musical expression including the body movement of young children by processing the feature quantities calculated from the data of 3D motion capture by machine learning, it will be able to classify and discriminate more objectively (clearly indicating sensitivity). If it is possible to improve the method of classification accuracy, it will be helpful to less experienced educators as well as judgement even in the absence of educators, so that they are frequently used to practice activities of musical expression of young children etc. It can be used for music education in early childhood.
Little research in the computational education domain has applied categorical statistics to its experimental outcomes. Therefore, the author referred research in other fields to enhance the classification sophistication. In particular, the author sets main technical goal is to optimize classification with consistent results. Categorization evaluation is based on the score of correctness of confusion matrix.
In this study, the author used five kinds of classifiers for machine learning method such as decision trees (Boosted Trees and Random Forest), Support Vector Machine (SVM), and neural networks (NN) as Multilayer perceptron (MLP) and Radial Basis Function (RBF). MVN measurement data were obtained from 3-year-old, 4year-old and 5-year-old children in U (n=28) & K (n=48) nursery schools in December 2016 and in January 2017 (n=76 in total) in conjunction with their body motion video simultaneously recorded. From the MVN data, 13 feature quantities (regarding 3 body parts of pelvis, right hand and right foot, 3 kinetics such as the moving distance, the moving average velocity and the moving average acceleration and 1 smoothness measure, in addition, the moving distance between both hands) were calculated in Excel. At the same time, from simultaneously recorded video of body motion of children, the author also evaluated the developmental degree of musical expression of each child. Developmental degree of musical expression was classified into three levels of high, middle and low as video classification data (High: 15 children, Middle: 27, Low: 34) (Sano, 2018b) .
(2)Classifiers
Boosted Trees is one of decision tree classifiers of which fitting methodology is enhanced by additive regression models sequentially fitting parametrized function. Gradient of loss function is generally set as minimization target to improve the process.
Random Forest is one of decision tree classifiers which consist of a collection (ensemble) of simple tree predictors. Such trees are used to vote for the most popular class (classification), or their responses are combined (averaged) to obtain an estimate of the dependent variable. Generally prediction accuracy is improved in comparison to simple trees. Support Vector Machine is a classifier which performs classification tasks by constructing hyperplanes in a multidimensional space that separates cases of different class labels. Constructing an optimal hyperplane is by minimizing an error function by employing an iterative training algorithm. Multilayer Perceptron is one of feedforward neural network architecture with unidirectional full connections between successive layers. Figure 3 shows Multilayer Perceptron Neural Networks. Neurons and biases are set in layers for feedforward topology where arbitrary complexity with the number of layers and containing units in each layer determining the function complexity.
Radial Basis Function is one of feedforward neural network architecture with unidirectional full connections between successive layers. Figure 4 shows Radial Basis Function Neural Networks. RBF generally employs two distinct stages with hidden layer neurons known as radial basis functions. RBF models the probability distribution of input data and how to relate an input data to classification target to minimize Euclidian distance calculated by radial basis units in hidden layer. RBF can be generally trained faster than MLP (Multilayer Perceptron) for large data sets and linear output activation functions.
(3) Training process of classifiers
Training of classification model was performed along with these 13 feature quantities (as factor) as input and three- 
(4) Classification prediction and validation
After the training process of classifiers completed, the developmental degree of musical expression of 128 children (F: n=41, Y: n=42, N: n=45) who were different from the training object (n=76) were forecasted with factor data and such forecasted results of categorical dependent (classification predictions) were compared with the developmental degree of musical expression of each child determined from the simultaneously recorded videos by the author (as video classification data, high: 52 children, middle: 42, low: 34).
(4)-1. Results of decision trees and SVM: Classification accuracy from confusion matrix of Boosted Trees as the decision tree was 30.5% (high: 21 children, middle: 8: low 10) as shown in table 4. From sensitivity analysis, top 3 contributing factors were the moving average acceleration of pelvis, the moving average velocity of pelvis and the moving average velocity of right foot. Classification accuracy of Random Forest was 25.0% (high: 0 children, middle: 0, low 32). Contributing factors were the moving average velocity of pelvis, the moving average acceleration of right hand, the movement smoothness of pelvis. For SVM, the classification accuracy was 26.6% (high: 0 children, middle: 0, low: 34). Among these three classifiers, Boosted Trees showed superior categorization because Random Forest and SVM (Osuna et al., 1997) could categorize only one level, though, Boosted Trees and Random Forest showed consistent sensitivity focus on pelvis as shown in Figure  5 . SVM is usually considered to work well when small numbers of data used. Those data sets might be too large for SVM. As in Table 4 , confusion matrix of Boosted Trees showed balanced results which correctly categorized inputs into three levels.
(4)-2. Results of neural networks: Secondly, the author discusses neural networks which had comparatively better fitting in training process than classification trees or SVM. Regarding multilayer perceptron of neural network, classification accuracy was 33.6% (high: 2 children, middle: 26, low: 15) as shown in Table 5 . Confusion matrix is shown below. High sensitivity contribution factors were the moving average acceleration of pelvis, Table 6 . Although accuracy value of RBF-NN is better than that of MLP-NN, forecast was heavily biased to "High" degree as shown in Figure 7 . The contribution factor of sensitivity was the moving average acceleration of right foot, the moving average velocity of right hand, the moving average velocity of pelvis. Sensitivity analysis of RBF-NN did not show relevant results with any other classifiers.
DISCUSSION
The idea of exploiting statistical methods and devices to support educators of music would be anxiously awaited, but it could not be much examined practically due to its difficulty of extracting characteristics of body movement kinetics and modeling classifiers to fit captured observations. In the previous study, in order to develop methodology to support educators, the author combined statistical analysis of body movement and classroom test results of MEB (musical expression bringing up) program. Statistically significant characteristics of full-body motion backed by test results were adopted as feature quantity of series of classifiers and the author successfully presented potential of AI application to music education. In this article, the author processed more data with certified facility to refine characteristics of feature quantities and introduced classifiers with enhanced architecture to improve categorization accuracy and consistency by validating from factor sensitivity. The data of 3-year-old, 4-year-old, and 5-year-old children in two nursery schools in 2016, two kindergartens in 2017, and a certified facility in 2018 was classified to discriminate the developmental degree of musical expression.
Firstly, results of a-three-way non-repeated ANOVA were shown. A statistically significant difference was observed in the moving distance of pelvis, the moving average acceleration of right hand and the movement smoothness of right foot. As a result, the moving distance of pelvis significantly increased in the third phase of the five facilities. The purpose of activity in the third phase of MEB program was mainly to encourage of the recognition of musical elements. Increase of pretending movement to music and constant movement to take rhythm of music were observed in remarkable change of the moving distance of pelvis. Concerning change of the moving average of acceleration during the third phase, specifically a large value was observed in N certified facility. In general, the N certified facility, Y kindergarten and K nursery school taking Montessori method showed a large value in the third phase. This result also showed the difference in change due to difference in childcare forms. The children in K nursery school, Y kindergarten, and N certified facility showed more sensitivity by the regularity and contrast of music such as rhythm, strength of sound, duration of sound, and pitch at the activity of third phase. Furthermore, the change of movement smoothness in right foot tended to be divided into K & U nursery schools, and F & Y kindergartens, N certified facility, and K & U nursery schools were large. The data in F, Y and N facilities gradually increased to the third phase although the data in K & U nursery schools were large in the second phase of MEB program. The result showed that children in K & U nursery schools tended to express the recognition of musical elements by making a pretend movement of image of music, rather than taking a beat while regularity moving at a constant velocity at the third phase. The children in K nursery school expressed both pretend movement according to music showed by increase of the moving average of acceleration of right hand and the movement smoothness taking a beat by regular movement of constant velocity. Secondly, when the degree of musical development obtained from videos was classified by machine learning using feature quantities of motion capture data, the author used five kinds of classifiers for machine learning method such as decision trees (Boosted Trees and Random Forest), Support Vector Machine (SVM), neural networks (NN) as Multilayer perceptron (MLP) and Radial Basis Function (RBF). Regarding training process of classifiers, Boosted Trees, MLP-NN and RBF-NN fitting exceeded 60%. As a result of classification prediction and validation, confusion matrix of Boosted Trees showed balanced results which correctly categorized inputs into three levels. High sensitivity contribution factors were the moving average acceleration of pelvis, the moving smoothness of right foot and the moving average acceleration of right foot. Regarding multilayer perceptron of neural network, classification accuracy was 33.6%. High sensitivity contribution factors were the moving average acceleration of pelvis, the moving smoothness of right foot, the moving average acceleration of right foot. Regarding Radial Basis Functions of neural network, confusion matrix score was actually high 46.1% but the prediction credibility was weakened due to its output imbalance and inconsistent profiles of sensitivity. Consequently, the author confirms Multilayer Perceptron Neural Network is the best classifier and Boosted Trees is the second best classifier.
CONCLUSION
In this study, the author inspected a method to achieve higher classification accuracy to predict musical development utilizing machine learning based on the feature quantity of body movement in musical expression in early childhood.
As a result of technical goal, it was concluded that the best model is Multilayer Perceptron. The second best is Boosted Trees. Boosted Trees showed inferior accuracy to that of MLP-NN but its distribution of number of predictions is similar to that of MLP-NN and sensitivity of those two classifications share highest contribution of acceleration of pelvis. The author demonstrated objective methodology to support educators of music. In order to improve classification accuracy, classifiers such as deep learning etc. can be considered in addition to the further review of kinetic feature quantities, or increase of training sample data etc. In the future, such AI-based methodology can be an effective tool for educators with little experience to exploit standardized skill for evaluation.
